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Intelligent identification algorithm of ores grindability based on mineral
processing production data

ZHU Jiaojiao, LI Zongping, SHI Benjing, WU Gexiong, WEN Wu
(Zhongye Changtian International Engineering Co., Ltd. ,Changsha 410205 , Hunan, China)

Abstract: The research goal is to identify the ore grindability online in this paper. Through a detailed analysis of the
interaction between the grinding process parameters, it is concluded that the change of the grinding process operation index
can reflect the change of ore grindability to a certain extent. In order to solve the problems of high dimensionality and strong
coupling of industrial data,on the basis of focusing on the mechanism of KPLSR and SAE two algorithms that can extract
key features,the actual collected grinding process data is used as a sample to compare multiple algorithms horizontally and
vertically,,and finally the advantages of deep learning algorithm SAE in industrial complex data analysis are verified. The
algorithm structure with the best performance in the test is used as the online recognition model of the ore grindability
intelligent identification system, and the average absolute error of the model can reach 0.61 kW-h/t in industrial
applications, and the average error rate is about 4. 79% ,which can meet the needs of on-site production.
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Fig. 1 Grading process of typical ore grinding
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Fig. 2 Relationship between the influencing factors

of ore grinding and grading process
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Fig.3 Structure of data-driven intelligent identification

method for ore grindability
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Table 2 Test results of KPLSR

B wipi) Skusk R R Syre Shisaes Shiraeto
10 0. 633 920 0.365 816 -0. 177 880 0.037 412 0. 826 087 0.913 043

6 0. 396 555 0.494 576 0.227 343 0. 023 509 0. 782 609 1. 000
14 0. 677 106 0.464 426 0. 029 642 0. 040 168 0. 782 609 0. 869 565

& 3 Gaussian_RBFNN giJillif 45
Table 3 Test results of Gaussian_RBFNN

TR Skusk R R Syne Stisaes Shinaeto

2 0. 727 506 -0.109 63 -15.522 4 0.038 219 0.739 13 0. 869 565




2024 445 4 1]

RBAL, A LT e B 1 £ n] B VR RE U S0k

&9

4.2.3 SAE #9Fuml 45 R

IR T 3 P4, —J2 A%t + FENN,
T2 A% + FENN, =2 [ 4if% + FFNN, %5

W4 ~6 iR,
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Table 4 Test results of SAE(one AE layer + FFNN)

s e HER 8 Al PSS RIE T SAE AR

Mé%élj—l‘*@ SRMSE R Rz S,\’IRE SHilmleS SHitmlel(J
3:6 0. 726 397 0.217 935 0.019 021 0. 044 240 0. 695 652 0.913 043
3:4 0.514 887 0.341 363 -0.154 180 0.028 164 0. 869 565 0. 956 522
3:2 0. 455 140 0.571 882 0. 338 060 0. 025 750 0.956 522 0.956 522
4:2 0. 655 341 0.253 780 0. 056 937 0.037 885 0. 826 087 0.913 043
2:2 0. 662 294 0. 119 580 —-0. 103 200 0.037 279 0. 826 087 0.913 043
4:3 0.590 532 0.232 528 —-0. 090 660 0.034 136 0. 826 087 1. 000 000

*5 SAE WKL R(ZE B4 + FFNN)
Table 5 Test results of SAE(two AE layers + FFNN)
lx_xjé%élj:l:*@ SRMSH R Rz S\IRE SHilmh:S SHitmh:lO

4:2:4 0.511 525 0.225 446 0.015 521 0. 029 595 0.913 043 0. 956 522

4:2:6 1. 052 999 0.186 717 -3.171 850 0. 070 964 0. 304 348 0.739 130

4:2:2 0. 637 230 0.272 679 -0.013 310 0. 036 667 0.913 043 0.913 043

3:2:2 0. 583 445 0. 389 558 0.050 713 0. 035 583 0. 869 565 0.956 522

3:2:4 0.414 662 0.013 522 -0. 325 960 0. 026 150 0.913 043 1. 000 000

3:2:6 0. 829 167 0.331 275 0. 002 994 0. 046 881 0. 695 652 0.913 043

6 SAE MiiKER (=ZE B4 + FFNN)
Table 6 Test results of SAE ( three AE layers + FFNN)
méggr:"f/@ SRMSE R Rz S\IRE SHilmh:S SHitmh:lU
4:3:2:2 0.750 714 0.235 506 -0.000 012 0.041 334 0. 826 087 0.913 043
x7 IWMEEREERIIL
Table 7 Comparison of the best results of three algorithms

%:]2 Mé%%*@ SRMSF R Rz S\IRE SIIilrmrS S]Iilrulrl(]
SAE 3:2 0. 455 140 0.571 882 0. 338 060 0. 025 750 0.956 522 0.956 522
KPLSR 6 0. 396 555 0. 494 576 0.227 343 0. 023 509 0. 782 609 1. 000 000
Gaussian_RBFNN 2 0. 727 506 -0.109 630 -15.522400 0.038 219 0.739 130 0. 869 565

%8 SAE MR (6:4)
Table 8 The results of SAE(6:4)

A7 Mgg gty BARER Sy Sruse R R Swne Shtiates S a0

SAE 3:2 6:4 0. 685 836 0. 445 150 0.316 640 0. 042 760 0. 645 161 0.935 484

SAE 3:2 8:2 0. 508 877 0. 713 905 0.372 984 0. 028 650 0.941 176 1. 000 000
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Fig. 10 System interface of ore grindability intelligent identification
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